T he high-level diversity of TCR repertoire is essential for the human cellular immunity, and the size of the TCR repertoire is estimated to be at the magnitude of millions (1) . It has been a challenge to determine the size and the diversity of the TCR repertoire in the past with conventional sequencing methods. The first direct estimate was done by Arstila et al. (2) in 1999 based on spectratyping method and Sanger sequencing of a specific band. A decade later, the deep sequencing methods were adopted to directly sequence the TCR repertoire and to determine the real size of the repertoire (3) (4) (5) (6) (7) (8) (9) (10) (11) . A relatively accurate number of the real size of the TCRb repertoire was obtained by Warren et al. (4) , which is ∼1.3 million for PBMCs. However, the data analysis of the massive amount of sequences generated by deep sequencing is still challenging without proper bioinformatics tools, which are essential for accurate and fast identification of TCR sequences.
The target of TCR sequence analysis is to identify CDR3 sequences and to identify specific V gene segment and J gene segment. Such analysis is based on the sequence characteristics of regions flanking CDR3 (12) (13) (14) (15) . The CDR3 is the result of recombination of the V and J gene segments and the addition of random nucleotides, which is the major source of TCR diversity. The CDR3 has a conserved cysteine (C) residue on its N terminus, which is part of the V region, and a conserved phenylalanine (F) or tryptophan (W) residue on its C terminus, which is part of the J region. The flanking sequences of these two residues are also conserved. Thus, these two conserved residues can be identified by comparing with reference V and J sequences.
Although the direct sequencing of TCR repertoire using deep sequencing methods has been widely used in recent years, existing tools for the analysis of massive sequence data are not satisfactory. The IMGT is an integrated web toolkit for immunogenomics analysis, which provides tools like V-QUEST and HighV-QUEST, and reference datasets for the annotation of TCR and other important immune-marker genes (16) (17) (18) (19) (20) . These tools would present illustrated annotations for each TCR gene sequence generated by Sanger sequencing and pyrosequencing. However, when facing short reads generated by Illumina sequencing platform, the sensitivity and specificity were much less satisfactory.
More recently, the iSSAKE-like strategy was developed by Warren et al. (4, (8) (9) (10) . The algorithm is based on sequencing reads alignment with reference V gene and J gene segments for the identification of TCR sequences, as well as applying a 96% cutoff value on J gene segment diversity. However, the program can only analyze the assembled paired-end reads, and no software was released to the public. In contrast, the IRmap is a program that maps the sequencing reads to reference V and J gene segments (5) . It is based on pyromap that is specifically designed for 454 pyrosequencing platform (21) ; thus, it does not fit with other sequencing platforms. The Decombinator is a toolkit for analyzing TCR from short reads (22) . It is implemented using Python language that is much slower than the compiled languages, and its accuracy is only 88%, which is not optimal. The MiTCR is a recently released software that can process massive sequencing reads (23) . To find the CDR3 sequence, the algorithm of MiTCR separates high-and lowquality reads in the first step, and then merges low-quality reads to high-quality CDR3 clusters. The whole process misses the V and J sequences without CDR3, which may cause bias for V and J annotations because using only the part of the V and J sequence contained within CDR3 is not adequate for annotate-specific V/J segments.
In this study, we developed a novel algorithm that is based on k-string matching for the identification of CDR3 and V/J gene segments of TCR from millions of short reads. The toolkit, named TCRklass, can work on both assembled and nonassembled pairedend reads, and does not require the CDR3 sequence to identify the V and J gene segments. The TCRklass has shown better sensitivity and specificity than IMGT/HighV-QUEST and MiTCR.
Materials and Methods

Test datasets
The reference human/mouse V/J nucleotide/protein TCRa/b sequences were downloaded from IMGT/GENE-DB. These V and J reference sequences were aligned using MAFFT and indexed using the approach described later in the Algorithm section. All alleles of the nucleotide sequences of the V and J gene segments were used for V and J identification, and only the first allele of the amino acid sequences was used for CDR3 identification.
To determine the cutoff value on number of matched K-strings (N mk ) for V and J identification, we constructed a test dataset by randomly mutating reference V and J nucleotide sequences. For each reference V and J sequences, 10 sequences were generated and each has 1/20 of bases mutated.
The TCRa/b sequencing reads from three mouse samples and two human samples were used as test dataset (Table I) , which were picked from two large-scale studies on human and mouse TCR repertoires. These samples were amplified by 59-race and 39-primer in C region, the cDNA were fragmented by sonication, and DNA segments of 150-300bp were gel purified for subsequent sequencing. A total of 40,000 sequences were randomly picked from the datasets mm5a, mm5b, hs1a, and hs1b (10,000 from each) and were manually curated.
By searching the terms of "human TCR CDR3" in National Center for Biotechnology Information (NCBI), a total of 572 CDR3-containing TCR sequences were retrieved. After removing sequences containing frame shift and stop codon in CDR3 region, we used 550 sequences as positive control dataset. In addition, a total of 200,000 sequencing reads were randomly picked from human transcriptome library SRR836529 and were used as negative control dataset.
To evaluate TCRklass on a different dataset, we downloaded the human TCRb sequencing library SRR060714 (part of sample M1D1) from the NCBI Sequence Read Archive using TCRklass.
Algorithm
In brief, the CDR3 and the V and J identification algorithm in TCRklass are based on substring (k-string) matching. For CDR3 identification, the position of reference V and J sequence k-strings is used to find the CDR3 position on query sequencing reads. For V and J identification, the N mk performs as a measurement of similarity between query sequencing reads and reference V and J sequences, and the most similar V and J gene segment is selected to classify the reads. Reference database indexing. All 3-strings for each reference sequence of the V and J gene segments were traversed and stored with their position relative to the conserved residue ("C" for V segment and "F(GXG)" for J segment). The database is composed of K-string profiles, and each profile represents to one reference sequence. For V/J identification, 6-strings of nucleotide sequences were used. Query sequence preprocessing. Before the analysis by TCRklass, the sequencing reads were first assembled in paired ends, producing two subdatasets for each sample: one subdataset of assembled reads and another subdataset of nonassembled read. Both the assembled and the nonassembled subdatasets were used in the following analysis. V and J gene segment identification. The algorithm for V and J identification uses N mk as the measurement of the distance with reference V and J segments. The query sequences are compared with 6-strings of reference V and J nucleotide sequences, and the V and J gene segment with the highest N mk is selected. If a query sequence is classified to several V and J gene segments that have the same N mk , this query sequence is considered to be ambiguously classified, and those V and J gene segments are all written to output. CDR3 identification. The algorithm of CDR3 identification has two stages. First, query sequences are translated on all six frames and compared with the 3-string profiles of reference V and J amino acids sequences. The translation frame and the reference profiles with the most N mk were selected for following analysis. Then the position of conserved residue ("C" for V segment and "F(GXG) or W(GXG)" for J segment) on the query sequence is determined by the position of the matched 3-strings. To avoid the disturbance caused by repeated 3-strings, the position of the conserved residue was determined by the number of supported 3-strings. To quantify the concept of "being supported by most 3-strings," we defined a numeric metric named "conserved residue support score (S cr )" for each residue on query sequence. Denoting the distance between a matching 3-string to the conserved residue by d k , the support score is calculated as: S(1/d k ). The candidate conserved residues with the highest S cr is selected, and the CDR3 region is located between the two conserved residues in V and J gene segments. Summarizing the raw annotation results. The nucleotide and protein sequences of the CDR3 region for each sequencing read are presented with sequencing quality, and the abundance profile of unique CDR3 clonotypes are summarized in two passes. In the first pass, only the CDR3 sequences whose base qualities are all high are used (quality score 20, by default). The CDR3 clonotypes are generated using these high-quality sequences, and the abundance is simply summed. In the second pass, the low-quality CDR3 sequences are compared with CDR3 clonotypes. If there exists clonotype with identical sequence, it is counted into that clonotype; otherwise, the sequence is deprecated. Unique TCR types are generated by combination of CDR3 sequence and the type of V and J gene segment. Assessment of errors of sequencing reads. The errors of sequencing reads include: PCR error, sequencing error, and errors in mRNA synthesis. The errors of sequencing reads are assessed using two parallel approaches: 1) a modified CDR3 identification program is run, which allows variations on CDR3 C terminus, and the error rate is calculated by the portion of bases that do not belong to the codon of the conserved Cys residue; and 2) along J sequence, the base composition is summarized for each type of J gene segment. On each position, the most abundant base is considered to be the correct one, and the error rate is calculated by the portion of the other three bases. To handle with possible polymorphism induced by diploid, if the ratio of the most abundant base versus the second abundant base is lower than 3:2, they are both treated as correct bases, and the error rate is calculated by the portion of the other two bases. Both approaches use only those nucleotides whose quality score is .20. The error rate of the whole CDR3 sequence is calculated by powering nucleotide error rate with CDR3 average length:
Evaluation of algorithm parameter K-string size. A series of k-string length (3-9 for nucleotides, 2-6 for amino acids) was tested on the reference V and J sequences and on the sequencing reads of the four test datasets. On each length, the numbers of unique and repeated k-strings on each sequence were recorded. For the sequencing reads, amino acids sequences were translated from all six frames; and for the reference V and J sequences, the amino acid sequences are defined by IMGT. The optimum size of K-string was selected as the possible lowest size that has few amount of repeat. N mk and S cr cutoff value for CDR3 identification. The randomly picked 4 3 10,000 sequences from four datasets were manually curated one by one to identify the CDR3, to generate a reference dataset of CDR3. The curation was performed by several steps. First, the 8 aa surrounding the conserved residue of the reference V and J sequences were compared with the query sequences, and the CDR3 will be identified if the query sequence can align with both V and J. After that, the remaining unidentified sequences were searched using regular expressions and alignment with reference V and J sequences using NCBI blast.
The 4 3 10,000 sequences were analyzed using TCRklass, and the CDR3 identified by TCRklass were compared with the manually curated ones to determine whether the results are true positive (TP), true negative (TN), false positive (FP), or false negative (FN). The precision and the recall rates were calculated as: precision = TP/(TP + FP), recall = TP/(TP + FN).
The identified CDR3 are filtered by a range of N mk and S cr (2) (3) (4) (5) (6) (7) for N mk , 1.0-2.9 for S cr ), to determine the best N mk and the S cr cutoff value for CDR3 identification, and a series of precision and recall rates was calculated on these cutoff values. The combination of N mk and S cr was selected to compromise the precision and the recall rate. N mk cutoff for V/J identification. A series of k-string numbers (KNs; 5-50 for V, 5-30 for J) were tested for whether they can distinguish a V or J segment from others. On each given KN N, all the combinations of N k-strings in each sequence of the mutated V and J reference dataset were traversed. If a combination of N k-strings exists in any of the sequences of different V or J gene segments, they cannot distinguish this V or J from others. The number of nondistinguishable combinations was recorded, and the probability of nondistinguishable was calculated for each V and J gene segment on each N k-string. The N mk cutoff value was selected by the lowest N that have such probability ,0.05.
Comparison with other TCR analysis tools
The IMGT/HighV-QUEST was applied on the four 10,000-sequence manually curated datasets (18, 19) . Because the IMGT/HighV-QUEST cannot process nonassembled paired-end reads, these reads were concatenated together by eight N's. The numbers of TP, FN, FP, and TN CDR3 sequences were obtained by comparing with manually curated CDR3, as described in the previous section. The 550 positive control sequences and 200,000 negative control sequences were also analyzed using IMGT/ HighV-QUEST and obtained the numbers of TP, FN, FP, and TN CDR3 sequences.
The 10 datasets from three mouse samples and two human samples were analyzed using MiTCR (23) . Because the MiTCR also cannot process nonassembled paired-end reads, these reads were concatenated together by eight N's. The abundance profile of CDR3 amino acid sequences (CDR3 profile) and V and J combinations (V/J profile) were compared with those by TCRklass. Specifically, the V/J profiles by MiTCR were compared with the V/J profiles by TCRklass generated using all reads and using CDR3-containing reads. The V/J profiles are hierarchically clustered using Spearman rank distance (SRD) using MeV version 4.8.1. The manually curated 40,000 sequences, 550 positive control sequences, and 200,000 negative control sequences were also analyzed using MiTCR. The numbers of TP, TN, FP, and FN CDR3 sequences were calculated, and the precision and recall rates were compared with TCRklass.
The library SRR060714 was analyzed using TCRklass. The V/J profile and CDR3 profile by TCRklass were compared with those by the original study. The most abundant 10 unique CDR3 sequences whose abundance by TCRklass is 100 times higher than that by the original result (or vice versa) were picked and had their sequencing reads manually curated.
Software implementation
The programs were written in C++ language and used the Standard Template Library and Boost library for data structures and command-line option parsing. The programs that are not computing intensive were written in Perl. The TCRklass software package has four major programs for CDR3 identification and V and J identification for assembled and nonassembled paired-end reads. Besides the four major programs, TCRklass also contains several auxiliary programs for summarizing results, indexing reference sequences, and assessing PCR error. A bundle program, tcrklass.pl, performs all analysis using one command. The toolkit and indexed database can be downloaded at: http://sourceforge.net/projects/tcrklass; the prerequisite HTQC package can be downloaded at: http://sourceforge.net/projects/htqc.
Results
Computational pipeline for TCR sequence analysis
The TCRklass, as shown in Fig. 1 , consists of four steps that include: 1) the quality check and reads assembly, 2) the V and J identification, 3) the CDR3 identification, and 4) the results integration. The quality-check process is to discard those low-quality reads, and the high-quality reads are assembled in read-pairs (see the Materials and Methods section for details). The original read pairs are classified into two distinct datasets: the assembled reads pairs and the nonassembled ones. Notably, the whole process in this step was performed by HTQC (24) .
Then the two datasets are annotated for V and J gene segments and CDR3 sequences in parallel using k-string algorithm. For the V and J identification, reference sequences of V gene and J gene segments are collected from IMGT database and indexed into 6-string matrices. Then the 6-string matrix for each V and J sequence is mapped to each query sequence from both assembled and nonassembled datasets and a score is given. The reads are then classified into a given V or J segment, whichever has the highest score. Similarly, for the CDR3 identification, another set of matrices for V and J genes is generated based on the amino acid sequences and then mapped to the reads translated in all six frames. The in-framed "C" and motif "FGxG" are located and scored, and the segment with the highest score is assigned as the CDR3.
The last step of the pipeline is the integration of results of V/J and CDR3 identification, where the abundance profiling of CDR3 sequences and the V/J gene segments are summarized concerning the sequencing quality. The results are stored in plain-text tables, and a set of colored illustrations was also provided, including the heat maps of V/J combination, CDR3 frequency, and some statistics (Fig. 2) .
Datasets used for TCRklass evaluation
To evaluate the performance of TCRklass, we sequenced five TCRa and TCRb repertoires using Illumina HiSeq2000 from 2 human and 3 mouse T cell samples (10 datasets in total, 5 for a-chain and 5 for b-chain).
For the evaluation of CDR3 identification and installment of the parameters for CDR3 identification, four manually curated datasets were selected from one human and one mouse sample, hs1a, hs1b, mm5a, and mm5b (10,000 sequences from each). In addition to the test using manually curated data, we fetched 550 CDR3-containing TCR sequences as positive control from NCBI, in which 94 sequences are TCRa and 456 are TCRb. Human RNA-seq data (SRR836529) were used as negative control, where 200,000 of 33 million reads were randomly picked.
To determine the parameters for V/J identification, we generated artificial sequences by inducing mutations on reference V and J sequences, where each sequence generates 10 mutated sequences and each have 1/20 of the residues randomly mutated.
Setting the parameters for the K-string matching algorithm
Both the CDR3 and the V/J identification are based on K-string matching algorithm. Therefore, the size of K-strings has to be defined, where a longer K-string will reduce the number of repeated K-string at the expense of exponential increase of the memory consumption. Thus, an optimum K-string size needs to be defined to find a balance between the number of repeated K-string and the memory consumption. The determination of optimum K-string size for TCRklass was carried out by visualizing the number of repeated K-strings in a range of different sizes. It can be observed that the fraction of nonrepeated K-strings increases rapidly while the Kstring size is increased. And when the size of the K-string is increased to 6 for nucleotides and 3 for amino acids, the portion of the repeated K-string became very low ( Fig. 2A, 2B ). Therefore, we decided to use 6-string nucleotides for V and J identification and 3-string amino acids for CDR3 identification.
In the process of CDR3 identification, the N mk describes the similarity of the query sequences with reference V/J sequences, whereas the S cr is introduced in this article to describe the reliability of the conserved C and F (GXG) residues in the boundary of the CDR3 sequence. To decide the cutoff value of N mk and S cr , we analyzed a manually curated subdataset of 10,000 sequences using TCRklass on a series of different N mk and S cr cutoff values, and the precision and recall rates were calculated by comparing TCRklass analyzed result with the manually curated result. The precision and recall rates were plotted by those N mk and S cr cutoff values (Fig. 2C) , and the cutoff values of N mk = 3 and S cr = 1.7 were selected for an optimal precision rate in expense of a higher recall rate.
In the process of V/J identification, the number of matched nucleotide k-strings (nN mk ) describes the similarity of query sequence with reference V and J sequence at nucleotide level, and the sequences are classified to the V and J gene segment with highest nN mk . To define nN mk cutoff value, we tested a series of KNs for their ability of distinguishing specific V/J gene segment type using the artificial dataset generated from the reference V/J sequences.
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On each KN, different combinations were tested, and those who cannot identify one type of V/J sequence from other types of V/J sequences were counted (Fig. 2D) 
Precision and recall rates of TCRklass
The precision and recall rates of CDR3 identification were calculated by comparing the results obtained by TCRklass and by 
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by guest on November 13, 2017 http://www.jimmunol.org/ manual curation using a randomly picked subset of 40,000 sequences from the datasets mm5a, mm5b, hs1a, and hs1b (Table I) . The precision rate for CDR3 identification is 98.5% for a-chain and 99.0% for b-chain in mouse, and 99.8 for a-chain and 98.3% for b-chain in humans. The precision rates have no significant differences between the two individuals. The recall rate for CDR3 identification is 84.6% for a-chain and 87.9% for b-chain in mouse, and 91.4% for a-chain and 93.0% for b-chain in humans. The recall rates for most of the nonassembled reads are lower than those for the assembled reads. As the nonassembled reads are shorter than the assembled ones, and the length distribution of CDR3 is the same (they are from the same sample), the flanking sequences around CDR3 are shorter and harder to be recognized by TCRklass program, but some of them are still recognizable by manual curation. A list of exemplary false-negative sequences is demonstrated in Supplemental Fig. 1 . We also evaluated TCRklass using the 550 positive control sequences and 200,000 negative control sequences downloaded from NCBI. Among the 550 CDR3-containing sequences, 538 were identified by TCRklass. The 12 missed sequences were manually checked, and we found that most of them have very short V region (Supplemental Fig. 2 ). In contrast, TCRklass identified only one FP CDR3 from negative control sequences. The precision rate of these data is 99.8% and recall rate 97.8%.
TCRklass application on TCRab repertoire
All 10 datasets of the repertoires were analyzed using TCRklass to identify CDR3 and V and J gene segments (Table I) , and one representative dataset was plotted in Fig. 3A and 3B. For each dataset, a part of the raw reads can be assembled in paired-end reads. The percentage of assembled reads is 63.9 and 29.9% on average for mouse and human samples, respectively. The differences of assembled reads between human and mouse samples might be caused by the discrepancy in DNA library construction. On average, 98.8% of the sequences can be identified to a known reference V or J sequence, indicating that our datasets are mainly composed of TCR sequences. In contrast, the percentages of sequences that have CDR3 identified are 5.6 and 2.6% for mouse a-and b-chain, and 9.6 and 3.6% for human a-and b-chain, respectively. There are more CDR3 sequences identified in a-chain than in b-chain, and the reason for that is unknown. Nevertheless, the assembled subdatasets have higher percentage of CDR3 identified than the nonassembled subdatasets, because these assembled paired-end reads are longer and with higher probability of having a complete CDR3 sequence. The percentage of sequences that can be classified to specific V or J gene segments is much higher than the percentage of CDR3 identified. The reason for such difference could be complicated, and one explanation is that the identification of V and J does not require complete V or J sequence.
From the datasets of a-and b-chains, the abundance for each of the V/J combinations and CDR3 sequences (V/J and CDR3 profiles) was calculated by the number of reads, and the profiles from different datasets were compared. Among the three mouse samples, the average Spearman rank correlations (SRCs) of V/J profiles are 0.968 and 0.933 for a-and b-chains, respectively, whereas those of CDR3 profiles are 0.237 and 0.074. It can be observed that the V/J profiles are more correlated between samples than the CDR3 profiles. For the two human samples, the SRC of V/J profiles is 0.908 for a-chain and 0.922 for b-chain, whereas the SRC of CDR3 profiles is 20.733 for a-chain and 20.806 for b-chain, respectively. The SRCs of CDR3 and V/J profiles for human samples are both lower than those of mouse samples, which indicates that the two human samples have more divergent TCR sequences.
The sequence reads generated have two types of reads, one with CDR3 (CDR3-containing) and the other one without. To verify the effect of the CDR3-containing sequences for the V/J profile, we calculated the SRCs between the V/J profiles generated by all sequences and by CDR3-containing sequences. The hierarchal clustering analysis (HCL) was performed according to SRD between the profiles (Fig. 3E for mouse TCRa and Supplemental Fig. 3D -F for others), and the V/J profiles are clustered together according to whether they have CDR3 sequences. Such a difference indicates that only using CDR3-containing reads for V/J profiling is insufficient, and this can be explained by that the CDR3 + reads have shorter V sequences, which hampered the classification of V gene segments.
The errors of sequencing reads were assessed by base composition on the conserved Cys residue on C terminus of CDR3 sequence, and by base composition of each J gene segment. The average nucleotide error rate assessed by J gene segment polymorphism is 0.46% (Supplemental Table I ). The error rate on J sequence 59-end is lower than 39-end. The reason is possibly that the paired-end reads overlap on this region, and provides extra nucleotide proofs. The average nucleotide error rate assessed by CDR3-conserved C terminus is 0.41% (Supplemental Table II) , which is very similar to that assessed by J sequence. The error rate for the whole CDR3 sequence can be calculated by powering the per-base reliability with average CDR3 length (∼40 nt), which is ∼15.15-16.84%. The error CDR3 sequences take a notable part of total sequences, but they still cannot be excluded from the CDR3 dataset, because we cannot determine which CDR3 sequences are the false ones.
In addition, the sequencing reads from library SRR060714, published by Warren et al. (4), were analyzed using TCRklass, in which 98.5% of them have complete CDR3 region and all reads have V or J gene segments classified. Comparing with the V/J profile and CDR3 profile generated by the original study (Fig. 3F,  3G ), we found that our V/J profiles are highly proportional (SRC = 0.854), whereas our CDR3 profile is not (SRC = 20.294). Specifically, the low-abundance CDR3 sequences are less proportional. The reason for such differences is probably that only one library of sample M1D1 was analyzed in our study, whereas the abundance profile of the original study was generated using all sequences of sample M1D1.
Time and memory consumption of TCRklass
The time consumption of running the CDR3 identification is summarized using scaled amount of input sequences. It can be observed that the time consumption is in proportion to the amount of input sequences and the number of reference V and J sequences (Supplemental Fig. 4A ). The average time for processing each input sequence with one reference sequence is calculated to be 3. 7-7.4 ms. The nonassembled paired-end reads use more time than the assembled paired-end reads, because the nonassembled read actually has two sequences. For V and J identification, the average time for processing each input sequence with one reference sequence is 2.3-4.7 ms, which is shorter than that of CDR3 identification.
The memory consumption for CDR3 identification is only correlated with the number of reference V and J sequences used, because the input sequences are processed one by one and will not take much memory (Supplemental Fig. 4B ). Each K-string profile of the reference sequences needs ∼500 kilobytes of memory. This memory size is much larger than the length of the reference sequences, that is, the K-string lookup table for each reference sequence contains all potential K-strings to speed up the search process (26 3 for amino acids and 5 6 for nucleotides). The memory consumption for V and J identification is similar with that of CDR3 determination.
Precision and recall rates in comparison with IMGT/ HighV-QUEST using curated datasets Among all existing tools, the IMGT/HighV-QUEST (HighV-QUEST for short) is the most widely used. To compare the performance of HighV-QUEST and TCRklass, we analyzed the four datasets of manually curated 4 3 10,000 reads using HighV-QUEST. The identified CDR3 sequences were compared with Fig. 4A ). In all four samples, there are more TP and less FP results by TCRklass than by HighV-QUEST (Fig. 4B) . We further manually examined several HighV-QUEST FP reads (Supplemental Fig. 5 ) and found the FP CDR3 on these reads are all located near 39-end and have suspicious J signal, or have frame shifts within the CDR3 sequence that were arbitrarily fixed by HighV-QUEST. Therefore, comparing with HighV-QUEST, the CDR3 identification is improved in TCRklass, especially for short sequences, and TCRklass is more stringent on recognizing V/J sequences. We also applied HighV-QUEST on the 550 positive control sequences and the 200,000 negative control sequences, in which 465 TP and 4 FP CDR3 sequences were identified (Fig.  4C) . The precision rate of these sequences was 99.15% and recall rate was 84.55%, which were also less accurate than those by TCRklass (99.81 and 97.82%, respectively).
Improved CDR3 and V/J identification over MiTCR in human and mouse TCR repertoire
For comparative analysis purposes, we ran TCRklass and MiTCR in parallel with 10 human and mouse datasets. To evaluate the precision and recall rates, the manually curated 4 3 10,000 reads were analyzed using MiTCR in parallel with TCRklass (Fig. 4A,  4B) . The MiTCR has precision rate of 95.2% and recall rate of 67.1%, which are lower than those of TCRklass (99.2 and 89.6%), showing a better performance of TCRklass on large datasets. However, when we applied MiTCR on the positive control and the negative control datasets (Fig. 4C) , the recall rate of MiTCR was similar to that of TCRklass; even the precision rate is 5% lower (94.9%). Among all these tests, the precision rate of MiTCR is lower than that in the original study (∼1% erroneous CDR3). This is probably because the original evaluation was performed using in silico-generated artificial data, which have no other sequences than CDR3 + ones. This is very different from the actual sequencing reads, where the lack of CDR3 sequences can induce noises into the analysis procedure. Therefore, MiTCR could be prone to noises produced by large datasets of high-throughput sequencing.
Furthermore, the CDR3 abundance profiles were generated at amino acids level. Compared with the profiles by TCRklass, the average SRCs are 0.874 and 0.900 for human a-chain and b-chain, respectively, and 0.865 and 0.820 for mouse a-and b-chain, respectively. We further performed HCL on the profiles by SRD (Fig. 4D, Supplemental Fig. 3A-C) and found that these profiles are closely clustered according to human or mouse samples, which indicates the difference on CDR3 identification by MiTCR and TCRklass does not affect much on the CDR3 abundance profile.
The V/J profiles generated by TCRklass and MiTCR are analyzed by HCL using SRD (Fig. 4E, Supplemental Fig. 3D-F) . It can be observed that the profiles are clustered together according to the analysis methods rather than the samples (human or mouse). Specifically, the V/J profiles generated from CDR3 + reads are more closely clustered with the MiTCR V/J profiles. This indicates that the difference between the V/J profiles by TCRklass and MiTCR is significant, and the reason is possibly that MiTCR only use these CDR3-positive reads.
Discussion
The next-generation sequencing technology is a powerful tool for the characterization of highly diverse TCR repertoires that will greatly impact the clinical diagnostics and immunogenomics studies. However, the identification and annotation of TCR clonotypes from the vast amount of sequencing reads is still challenging, especially when short paired-end reads generated by HiSeq2000 are the main source of data due to its low cost and high throughput. The TCRklass, as a new pipeline for TCR repertoire analysis, improved significantly the accuracy for both CDR3 and V/J identification over existing tools.
The k-string matching-based algorithm is widely used in many major software programs such as RDPclassifier (25), NCBI BLAST (26) , and others like MetaCV for metagenomic data analysis (27). The matching K-strings can locate conserved sequences, whereas the matching numbers can measure the sequence similarity at the same time. For TCRklass, the CDR3 boundary is defined by multiple matched K-strings of the reference Vor J sequences that eliminate the occasional mismatched k-strings, ensuring the uniqueness of CDR3 identified. It shows great advantage over the sequence alignment approach that is very time consuming, and the identified CDR3-containing reads are more accurate than those by MiTCR. Potentially, the TCRklass can also be used for other similar recombined sequences such as immunoglobin (BCR repertoire) analysis.
The IMGT/HighV-QUEST is based on long alignment with V gene segment that limits its use on short reads analysis. The MiTCR is designed to analyze short reads, which is based on read mapping and is focused on CDR3-containing reads. However, its strategy of only processing CDR3-containing reads causes bias on the composition of V and J gene segments. The TCRklass does not require long query sequences, which improved the recoverability of CDR3-containing sequences. And TCRklass identifies CDR3 sequence and V/J gene segments separately, which improved the accuracy of Vand J identification.
The abundance profiling of V/J pairing is an important issue in TCR repertoire characterization. The limited length of sequencing reads has generated a large amount of paired-end reads without CDR3 sequence. The TCRklass can take these reads to analyze V/J pairing, and our comparative study showed that the V/J profiles generated using total sequences and using CDR3-containing sequences are different. Actually, the CDR3 2 reads do have the CDR3 sequences, but they lay on the gap between two paired-ends that cannot be read by the sequencer. These CDR3 2 reads are informative for V/J profiling and should not be discarded. Therefore, the use of both CDR3-containing and non-CDR3-containing reads by TCRklass would be helpful for providing unbiased profile on V/J pairing. The TCR clonotypes are defined as a combination of CDR3 sequence and V/J gene segments, in which only those CDR3 + reads can be used. The dataset of short sequencing reads of TCR repertoire generated by next-generation sequencing technology can be divided into two parts, one part consists of those reads that contain complete CDR3 sequence (CDR3 + ), and the other part consists of reads without CDR3 sequence (CDR3 2 ). For MiTCR, it uses only the CDR3 + reads in TCR clonotype profiling. As we have shown that the V/J profiles generated using CDR3 + sequences are biased, the corresponding TCR clonotype profiles by MiTCR are inaccurate because the abundance of those CDR3 2 reads is missing. In contrast, TCRklass use both CDR3 + and CDR3 2 reads for V/J profiling; thus, it is more accurate. In summary, more TCR clonotypes can be identified using TCRklass; however, the exact number of these additional TCR clonotypes still cannot be defined because of the lack of CDR3 sequence. The variations of TCR sequences are induced in a few steps that include somatic mutation, mRNA synthesis, PCR amplification, and sequencing. However, it is difficult to identify the error rate in each step. Thus, we assessed a generic per-nucleotide error rate that describes the total variations from genomic DNA sequence to observed sequencing reads, and the error rate assessed by two different ways have similar values that cross-validate each other. The estimated CDR3 error rate is significant (.15%), but we do not think they are able to be excluded from the dataset. An arbitrary and crude method could be excluding CDR3 sequences from the lowest abundant ones. However, because the lowest abundant CDR3 sequences take a significant portion (Supplemental Fig. 6 ), this approach has the risk for excluding reliable CDR3 sequences or including unreliable ones. For example, the portion of singleton CDR3 sequences for mouse b-chain datasets is .30%, which is much higher than the error rate. Therefore, the study on low abundant CDR3 polymorphism requires better sequencing tools.
In conclusion, TCRklass is a novel toolkit that can identify CDR3 and V/J gene segments from the high-throughput sequencing reads of TCR repertoire. We tested TCRklass using multiple human and mouse TCR sequencing datasets, and demonstrated that TCRklass have higher accuracy than previous tools. The TCRklass is implemented using C++ and Perl; the source code, indexed reference databases, and benchmark data can be freely downloaded at: http://sourceforge.net/projects/tcrklass/. We claim that the TCRklass toolkit will be maintained for at least 10 years.
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HISEQ700708:121:C1HU7ACXX:7:1302:10466:6066 strand=-2 Figure S1 : the representative false-negative results of TCRclass on human and mouse TCR repertoire sequencing datasets.
Three exemplary sequences are picked from each sample and plotted with grey background. The amino acids sequences are translated on the frame of CDR3. The location of manually curated CDR3 sequences are plotted using "<<<" or ">>>" marks with cyan background. Figure S2 : the false-negative results of TCRklass on known TCR sequences
The sequences are plotted with grey background. The amino acids are translated on the frame of CDR3. The location of manually curated CDR3 sequences are plotted using "<<<" or ">>>" marks with cyan background. 
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A number of Five sequences were picked from each dataset by ID sorted alphabetically. Sequencing reads are plotted with grey background. V region are plotted with red background, and CDR3 are plotted with cyan background. Supplementary Table S2 : nucleotide error rate assessed using base polymorphism on CDR3 C-terminal conserved Cys residue. 
